Rochester Institute of Technology

RIT Scholar Works
Theses
12-2019

Thermal Characterization of Infrared Images for Breast Cancer
Detection
Solomiya Vysochanska
sxv9719@rit.edu

Follow this and additional works at: https://scholarworks.rit.edu/theses

Recommended Citation
Vysochanska, Solomiya, "Thermal Characterization of Infrared Images for Breast Cancer Detection"
(2019). Thesis. Rochester Institute of Technology. Accessed from

This Thesis is brought to you for free and open access by RIT Scholar Works. It has been accepted for inclusion in
Theses by an authorized administrator of RIT Scholar Works. For more information, please contact
ritscholarworks@rit.edu.

THERMAL CHARACTERIZATION OF INFRARED
IMAGES FOR BREAST CANCER DETECTION
Solomiya Vysochanska
A Thesis Submitted in Partial Fulfillment of the Requirements for
the Degree of Master of Science in Mechanical Engineering
Approved by:
Dr. Satish Kandlikar
Department of Mechanical Engineering
Advisor
Dr. Kathleen Lamkin-Kennard
Department of Mechanical Engineering
Examiner
Dr. Majid Rabbani
Department of Electrical Engineering
Examiner
Dr. Michael Schrlau
Department of Mechanical Engineering
Dept. Representative

ROCHESTER INSTITUTE OF TECHNOLOGY
Kate Gleason College of Engineering
Department of Mechanical Engineering
Rochester, New York 14623
December 2019

ACKNOWLEDGEMENTS
Thank you to Dr. Satish Kandlikar for introducing me to this project and supporting me
all along. Also, huge thank yous go to Alyssa Recinella and Jose Luis Gonzales for providing
endless feedback and guidance and teaching me many things about this topic.
Thank you to my family and friends for encouraging me to start and finish my Master’s
degree. Most importantly, I am grateful for my mother for her endless support for my education. Thank you to Vitaliy for being such a big supporter. I am also indebted to and thankful
for Peter for helping me work through many bugs and giving me lots of encouragement.

1

ABSTRACT
One of the most common diseases affecting women is breast cancer. As a result, diagnosis
and monitoring of breast health is viewed as a lifesaving procedure. Thermography shows
promise for diagnosing breast cancer especially for dense breasts on which mammography
does not work well. It is a noninvasive and inexpensive method based on the principle
that malignant tumors have a higher metabolic rate and therefore emit more heat. A new
segmentation algorithm was developed for a recent database of thermal images obtained from
patients lying in the prone position. The algorithm was successful in isolating the breast
from rest of the body and background. The resulting segmentation was then analyzed using
temperature profiles, where significant peaks in the profile indicated a region of interest.
Lastly, approximate hot spots were found that indicated the location of a possible tumor.
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Chapter 1.

Introduction

In the medical world, many imaging methods are used to assist with diagnosis and monitoring of different conditions. Most imaging methods, such as mammography and thermography, are non-invasive but provide an insight into the body in a way that human eyes
cannot perceive. For example, thermography can show approximate temperature differences
in various regions of the body; the differences can be accredited to blood flow and metabolic
rates of the tissue under the skin. Thermography has been used to study many illnesses such
as diabetes, breast cancer, vascular diseases, and inflammatory diseases [1]. In the case of
breast cancer, thermography can be used as an additional imaging method for diagnosis and
characterization of breast cancer.

1.1

Breast Cancer

The breast is a mammary gland. The main components of a breast are the lobules that
produce milk and are surrounded by glandular and adipose tissue. Breast lobules empty out
into the lactiferous duct and out into the nipple. Figure 1.1 shows the structure and the
above-mentioned parts of a breast. Surrounding the lobules and ducts is adipose, or fatty,
tissue. Breast density describes the approximate ratio of adipose tissue to glandular and
fibrous tissue. Dense tissue has less adipose tissue compared to fatty breasts, and can be
labeled as heterogeneously or extremely dense. Fatty breast tissue can be labeled as fatty or
scattered fibroglandular and is commonly found in older females. The density of the breast
may be also related to tumor growth [2].
Most tumors, defined as an abnormal growth of mutated cells, begin either in the duct
or in the lobule. Ductal carcinomas, including ductal carcinoma in situ (DCIS) and invasive ductal carcinoma (IDC), make up about 90% of breast cancers. Lobular carcinomas,
including lobular carcinoma in situ (LCIS) and invasive lobular carcinoma (ILC), make up
8

Figure 1.1: Structure and labeled parts of a breast [3].
about 8% of breast cancers. In in situ carcinomas, the tumor remains in place until it develops an ability to cross the basement membrane of the lobule or duct. At that point, the
tumor becomes invasive and may spread throughout the body [3]. IDC is the most common
forms of breast cancer [4]. The tumor size, shape, and growth pattern affect monitoring and
diagnosis.
A lump on the breast is one of the first indicators of a tumor, although 80% of these lumps
are benign [3]. Due to a higher metabolic rate, malignant tumors emit more heat than the
surrounding tissue [5]. Pennes’ bio-heat equation attempts to characterize the heat emitted
from skin based on the metabolic rate, blood flow rate, and arterial temperature [6]. It can be
concluded that blood flow and metabolic rates have a high effect on skin temperature. Based
on this, it may be possible to detect tumors with imaging methods such as thermography,
in addition to the current accepted method of mammography.

1.2

Imaging Methods for Breast Cancer

In diagnosing breast cancer, there are several methods and steps taken to find a tumor and
determine if it is benign or malignant. Often, it is the woman herself who finds a lump on her
breast, and a physician can help to distinguish the lump from coarse nodular tissue during
clinical examination. Imaging methods are also often used to help detect and locate small
9

tumors. The most common imaging methods include mammography, ultrasonography, and
magnetic resonance imaging (MRI). Of these methods, mammography is the most common
and has a 95% diagnostic accuracy [7]. Thermography is new method that is not yet approved
by the U.S. Federal Drug Administration (FDA), but can be used as an adjunct method [8].
Lastly, a pathological examination can be completed to help determine if a tumor is benign
or malignant and other characteristics of the tumor.
A mammogram uses X-rays to image breast tissue. It requires the breast to be compressed
for even tissue density and to lower the radiation amount. Mammography works better on
fatty breast tissue, as X-rays travel trough fatty tissue and are absorbed by a possible tumor.
Dense breast tissue, commonly seen in younger women, is a challenge for mammograms
because it absorbs X-rays better and may hide a tumor. Figure 1.2 shows a mammogram
of two breasts, where one breast has fatty tissue and the other breast has dense tissue [2].
It is clear that it is more difficult to locate a tumor (typically seen as white) in the dense
tissue. Mammograms are also generally discouraged for younger women because of the
radiation risk. The sensitivity of mammograms is 79% on average, but is lower in women
with dense breast tissue [9]. Sensitivity is defined as the amount of breast cancers detected
using mammography. The following categories are defined by Breast Imaging Reporting and
Data System (BI-RADS) and are used for reporting the results of a mammogram [10]:
0. Incomplete
1. Negative
2. Benign
3. Probably Benign
4. Suspicious
5. Highly suggestive of malignancy
6. Known biopsy - proven malignancy

10

Figure 1.2: Mammogram of two breasts, one with mostly fatty tissue and the other with
dense tissue [2].

As an alternative or an adjunct to mammograms, ultrasounds can be used. Further
characterization of a mass’s texture and shape is important in a dense breast. Benign
masses, when compared to malignant masses, tend to be much more sharply demarcated [11].
Ultrasounds have a 95% specificity in identifying a solid mass from a cystic lump [7]. Figure
1.3 shows a breast with a cyst [12]. However, ultrasounds are highly user dependent and can
lead to false positives or negatives.

Figure 1.3: Ultrasound image of a breast with a cyst [12]
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In addition, magnetic resonance imaging (MRIs) have been used for breast cancer detection. MRIs use the natural resonance of water molecules and function better on soft tissue
due to higher contrast when compared to tumorous masses. Figure 1.4 shows a breast with
malignant tumor which is shown as a dark region [13]. They are also expensive and generally
only used for positively diagnosed cancer patients to measure the size and location of the
tumor. It is a common practice to combine two or more imaging methods to accurately
detect and diagnose a tumor.

Figure 1.4: MRI image of a patient with a tumor, where the tumor region is shown in dark
colors [13].

1.3

Thermography

Thermography is a method of studying heat distribution. Thermography can be used in
a variety of applications such as firefighting and analyzing heat leaks in a building. In
the case of medical imaging, thermography aims to analyze the surface temperature of the
body. Thermal imaging is based on the idea of a blackbody, which is an ideal object that
absorbs all electromagnetic radiation, that is light, and whose absorption of radiation is
related to its emission of radiation. Since human skin has a high emissivity of 0.98 out of
1.0, a relationship between temperature and light emitted by the skin can be determined.
12

The relationship between emittance, Mλ , and wavelength of light, λ, and temperature of a
blackbody, T , is described in Planck’s Radiation Law. Emittance, Mλ , is defined as energy
radiated per unit volume. Planck’s Radiation Law is defined as follows,

Mλ (T ) =



2πhc2
 hc
 W m−2 µm−1
λ5 e λkT − 1

(1.1)

where h is Planck’s constant, k is Boltzmann’s constant, and c is the speed of light [14].
An approximation of Planck’s Radiation Law is known as Wein’s Displacement Law can be
written as
λ=

2898 [µm K]
T [K]

(1.2)

From Equation 1.2 it is very clear that temperature of a blackbody such as skin and emitted
wavelength are directly related. Skin temperature of about 33◦ C, or 306 K, results in an
emitted wavelength of 9.5 µm, which is classified as long-wavelength infrared light. Therefore,
infrared cameras are used for thermal imaging of the body, where the above mentioned
equations are used to relate the infrared light emitted by the body to temperature.
Human bodies are often represented as a blackbody due to a high emissivity of 0.98 [15].
The emissive power, E, of a non-perfect blackbody is represented in Stefan Boltzmann’s Law
as shown below, where  is the emissivity of the object, and σ is Stefan-Boltzmann’s constant.
Equation 1.1 can be derived by integrating Planck’s Radiation Law over all wavelengths. The
emissive power, E, is typically measured in infrared camera sensors.

E = σT 4 [W m−2 ]

(1.3)

Modern thermal cameras can acquire temperature data at high sensitivities and accuracies that allow for fine temperature differences to be detected. Thermal sensitivity can be as
high as 0.03◦ C with accuracies of 1% of the temperature reading [16]. The high accuracies
make it possible to detect skin temperature differences over a small range of a couple of
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degrees of Celsius. In the breast region, the temperature range is usually less than two or
three degrees Celsius. It is clear that modern thermal cameras can be effective in accurately
measuring differences in the skin temperature of a breast.
Skin temperature is a physiological test that may indicate a relationship between temperatures of different tissues. Breast cancer is a good test for thermography because breasts are
located next to an ambient environment and do not have unrelated body tissue obstructing
the view for an imaging system. Thermography has been proposed as an adjunct to mammography, which is an anatomical test, to help diagnose breast cancer in the early stages
of tumor growth [17]. Thermography also has advantages in that it does not use harmful
radiation, is non-invasive, and is cheaper when compared to other imaging methods such
as mammography. Due to these advantages and the high precision, thermography has been
applied for breast cancer detection more often recently. FDA has cleared thermography for
breast cancer detection only as an adjunct method. However the lack of standardized clinical
trials and low true positive detection rates, FDA has issued several warnings against the use
of thermography as an alternative to mammography [8]. Therefore more thorough research
needs to be completed using thermography to show that thermography is a viable option for
breast cancer detection.

1.4

Image Processing

Many methods have been developed to effectively process images. Some possible processes
include reducing noise, finding the region of interest (ROI), and running higher order statistics on the images to find interesting features [15]. These features can then be classified
using a Support Vector Machine or other classifiers. Classifiers can be used to automatically
detect a tumor in a thermal image of a breast. In addition to classifying images, it is possible
to characterize them by locating hot spots, determining the size of a hot spot, and studying
gradient maps.
One common initial step is segmentation for isolating the ROI. Segmentation is a process
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of identifying which pixels belong together. In terms of thermal images of breasts, this
includes grouping the background pixels with the abdomen and chest wall region pixels. The
region of interest is then only the breast. Some common segmentation techniques include
k-means clustering, agglomerative clustering, and mean shift algorithm. In these algorithms,
it may be beneficial to include information from a feature space. A feature space can include
color, location, gradient, texture, etc. for each pixel. The output of a segmentation process
is an image with several different classes.
To assist with the selection of a ROI, finding edges in the image may be beneficial [18].
Edges are typically a region of rapid change in the intensity of the image. Changes in the
image intensity are shown in the image gradient. A common edge detection algorithm is the
Canny edge detector. After filtering an image with a derivative of a Gaussian, this method
uses a thresholding system to determine edges from the magnitude of the image gradient.
For segmentation purposes, edges can give valuable information about shapes and location
of minimum and maximum of a given region.
In the case of thermal images, studying the thermal profile through a region of interest
may be beneficial. Information such as the peak temperature, standard deviation and mean
temperature can give details about the region of interest. Specifically, thermal profiles that
have high temperature jumps and standard deviation can indicate a tumor. To study the
profile further, the gradient of the profile can be looked at to get further details about a peak
in the profile. A gradient is found by looking at the change between data points, typically
through a derivative.
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Chapter 2.

Literature Review

One of the earliest studies on the correlation of breast cancer and body temperature was
published in 1957 [19]. There has been progress in this area since then due to technological
advancements that allowed for improved thermography and image processing. Now many
researchers have developed methods to automatically detect malignant tumors in thermal
breast images. In the process of classifying an image, there were some steps that were
common between many different methods. First, most processes included a region of interest
selection, where the breast region was isolated from the rest of the image. Second, a common
procedure was to isolate the tumor from the rest of the breast region, or locate a hot spot.
Lastly, other studies went unto classifying the regions of interest into malignant and nonmalignant groups.
Most of the research in breast cancer thermography is based on a patient in an upright
position, typically with their hands lifted. The images usually included the abdomen, breasts,
axilla, and neck regions as well as the wall the patient was standing in front of. Silva et
al. [20] developed a database of thermal images of patients in the upright position. Figure
2.1 shows the camera and patient set up used for the database creation. Due to gravity and
the size, the breasts were resting on the chest. As a result, a portion of the breast was not
seen by the camera and its temperature was influenced by the contact of the warmer chest
wall. The image shows that the region right below the inframammary fold, that is the lower
boundary between breast and chest, was much warmer than the actual breast. The axilla
and neck regions also had higher temperatures than the skin temperature of the breast. The
presence of the hotter regions outside the breast indicated a need to isolate the breasts from
the rest of the image to accurately analyze possible hot spots inside the breast.
A method not commonly used for imaging was having the patient lie in a prone position.
Francis et al. [21] used a special set up, where a patient lay on a table with one of her breasts
16

Figure 2.1: Example of a patient in the upright position for thermal imaging created by Silva
et al. [20].
suspended freely in a hole in the table. A camera on a rotation rig then imaged the breast
from different viewpoints. An example of a resulting image is shown in Figure 2.2. The
shape of the breast in the image was significantly different from a patient in the upright
position. The rotational thermography used by Francis et al. allowed for all sides of the
breast to be imaged and did not have an effect from the contact of the chest wall like the
prone position thermography did.

Figure 2.2: Example of a breast imaged with the patient in a prone position created by
Francis et al. [21].
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2.1

Region of Interest

One of the first steps in processing a thermal image was to create an ROI around the breast,
eliminating the abdomen and chest wall. Methods to segment a thermogram depended on
the imaging method, that is, whether or not the patient was in the upright or prone position. Most segmentation methods developed were based on the easily accessible databases
of patients in the upright position. Often, features such as the average breast shape or the
inframammary fold were used as a foundation for segmentation methods.
A study completed by Bezerra et al. [22] used manual segmentation to isolate the region
of interest. In their study, the patients were imaged while sitting with their arms raised.
Bezerra et al. noticed that the breast shape could be approximated as an ellipsiod when the
patient was in an upright position. To complete the ROI selection, Bezerra et al. used a
manual method where an ellipse was adjusted to fit the breast of the patient. This method
however was insensitive to abnormalities in the breast shape, such as a lump due to a tumor.
Figure 2.3 shows some sample images with the ellipse fitting tool superimposed on the preprocessed images. The resulting ROI are shown in the bottom row. In these images, darker
regions indicate a higher temperature.

Figure 2.3: Ellipse based manual segmentation on two different patients completed by Bezerra et al. [22].

Automatic methods were also developed to locate the region of interest. Motta et al. [23]
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combined thresholding, filtering and curvature analysis to automatically create ROI boxes
around each breast. This method first located the inframammary fold and set it as the lower
limit of the ROI. From the contour of the body, the axilla was located and set as the upper
limit. Based on the upper and lower limits, the breast region was split into two equal images.
If one of the breasts was smaller than the other, the image was resized so that both regions
would be the same size. Figure 2.4 shows an original image and the resulting segmentation.
On the original image, shown on top, the inframammary fold is highlighted in white. It is
clear from the middle image that the breast in the right box is smaller than the breast in the
left box. To finish the ROI, Motta et al. used the inframammary fold to resize the breast
so that both boxes would be equal sizes. The resulting region of interest was an image that
included the chest wall below the inframammary fold.

Figure 2.4: Segmentation based on thresholding and curvature analysis from Motta et al.
The top image highlights the inflammatory fold in white. The middle image shows the ROI
boxes. The bottom image shows the resized breast on the right [23].
In a different study focused on classifying a breast thermal image, regions of interest did
not include the chest wall. EtehadTavakol et al. [24] developed a method in which the ROI
included the axilla, but not the chest wall directly next to the inframammary fold. The
method was based on taking an average shape for the lower breast boundary and applying
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it to other images. Nine landmark points were first chosen manually and optimized through
training on a series of images. On a test image, the outer boundary of the body was found
using a Canny edge detector. A Canny edge detector looks for zeros in the second derivative
of an image to find boundaries between different regions of that image [25]. From the
boundary curves, the maximum curvature points were located and matched to the landmark
points. The 9 landmark points were then applied to the image and transformed to match
the image. A linear interpolation of the 9 landmark points represented the lower boundaries
of the ROI. Figure 2.5 shows the process of selecting the ROI. This method was successful
in identifying the lower breast boundaries in 90% of the images tested.

Figure 2.5: Procedure for extracting lower boundaries proposed by EtehadTavakol et al. [24].

2.2

Hot Spot

Locating a hot spot in a breast thermogram was a valuable step because it indicated a possible
tumorous region. The size, shape, and location of the tumor may give medical professionals
more information to determine if it is malignant or how it can be classified [26]. Flagging a
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hot spot, or an abnormal region, and determining if the image has tumor were often part of
the same step. For the purpose of locating an abnormal region, both pseudo-color images
and thermal data were viable options. Pseudo-color images took temperature data ranging a
few degrees, usually 27 - 34◦ C, and mapped it into 256 intensity values [26]. Most researchers
used pseudo-color images and common computer vision techniques of segmentation.
One method to locate a possible hot spot was based on Independent Component Analysis
(ICA). Boquete et al. [27] worked on a set of breast thermograms in the YCbCr color space,
where Y was the luminance component, and Cb and Cr were the blue and red chroma
components respectfully. ICA was performed on all three channels of the image separately.
The goal of an ICA procedure was to ‘un-mix’ data in an image from a higher dimension space
to a lower dimension. From the ICA outputs, the tumor area was extracted by thresholding
and combining the images. Figure 2.6 shows the individual channels of the YCbCr color
space and the resulting ICA from those images. Boquete et al. achieved a sensitivity of
100% and a specificity of 94.7% in identifying a tumor in a breast thermogram. Sensitivity
describes the true positive rate, and the specificity describes the true negative rate.

Figure 2.6: Independent Component Analysis completed by Boquete et al. [27].

A method based on morphological processing techniques was presented by Francis et
al. [28]. Francis et al. took a gray-scale thermal image with enhanced contrast and ran
an edge detection algorithm on it to locate the breast outline and remove the background.
From that image, weak edges were removed. If there were abnormal regions, morphological
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operations were applied to that image to complete the region selection, where abnormal was
defined as a region with higher temperatures. Morphological operators included dilation, hole
filling, and erosion. The resulting binary image was applied to the original thermogram.
An example of a detected abnormal region, a location of a possible tumor due to higher
temperatures, is shown in Figure 2.7, where the abnormal region is in the left breast. The
image was then further processed for feature extraction and classification.

Figure 2.7: (a) Enhanced contrast thermogram and (b) resulting abnormal region based on
algorithm by Francis et al. [28].

Mahmoundzadeh et al. [26] proposed using a statistical method of down-sampling an
image into a small number of temperature ranges using the extended hidden Markov model
(EHMM). A Markov model predicts a future state based on the current state.

Mah-

moundzadeh et al. used this method to effectively segment a thermogram into eight temperature regions. Figure 2.8 shows the resulting eight temperature regions, where the breast on
the right has a malignant tumor. White was labeled as the hottest region. It is clear that
there are more white regions in that image. The thermal patterns of the white regions could
be further analyzed to determine if there was a malignant tumor in that region.

22

Figure 2.8: (a) Original ROI images of breasts, where the breast on the right has a malignant
tumor. (b) Resulting EHMM segmentation, where white indicates hottest regions [26].

2.3

Classification and Evaluation

One very common goal in breast cancer thermography research was to classify an image for
diagnosis. Due to the subjectivity that comes into play when making such decision manually,
automatic methods were developed. Many of the methods used included extracting features
from the image or region of interest and then applying a classifier to those features to
determine if the image indeed had a malignant tumor.
Earlier research investigated symmetry between the two breasts of a patient [29]. Typically it was seen that a healthy patient would have a much higher symmetry than a nonhealthy patient. EtehadTavakol et al. worked with simulated images where each breast was
created to have the same shape with slight differences in the thermal pattern [30]. The
concept of mutual information from probability was used to measure nonlinear correlation
between two breasts. It was shown that breasts with more similar thermal mapping had a
normalized mutual information value closer to one.
A survey completed by Borchartt et al. presented a summary of common features extracted for the purpose of classification [31]. Many of the features included statistical information such as mean, median, mode, standard deviation, and variance. Some researchers
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used higher order features such as the lacunarity measure and Hurst coefficient. For example,
Archarya et al. [32] used texture features, first moment, third moment, run percentage, and
grey level non-uniformity in a Support Vector Machine to determine if an image contained
a malignant tumor. The accuracy in their work was 88.1%.

2.4

Scope of Work

Despite progress in thermography for breast cancer research in segmentation and locating
a tumorous region, there is not a uniform method of analyzing a thermal image of the
breast. The aim of this work is to create a segmentation method, an analysis method, and
a rudimentary hot spot detection algorithm for a newly developed database created in a
separate project. The database consists of thermal images of patients in the prone positions
using rotational thermography.
One of the objectives for this work is to create a segmentation for a new database. The
segmentation algorithms presented earlier are feature based, and therefore a new method is
needed for the new database. The ROI should not include the chest wall that is typically
warmer than the breast. Similar to EtehadTavakol et al. [24], and Francis et al. [28], an edge
detector may used to locate important contours of the breast.
To analyze the thermal images, a profile analysis method is developed. This method
is based on the physical temperature data of the breast, unlike most methods that are
based on pseudo-color temperature data. Both the temperature profile and the gradient
of the temperature is analyzed. To create the profiles, lines based on the elliptical shape
from Bezerra et al. [22] are used. Information such as the standard deviation and mean
temperature as presented by Lipari et al. [29] are also possible statistics to identify abnormal
thermal profiles.
Lastly, a rudimentary grid system is used to locate a hot spot for further thermal analysis.
Unlike most methods that sought to classify a thermogram automatically, the algorithm will
only flag a region to be analyzed in future work. Further analysis would include determining
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if a malignant tumor or another feature such as vasculature is in that region. More thermal
profiles are created in the region of interest to assist the analysis.
The algorithm will provide a physical insight into the thermal images of patients with a
possible malignant tumor by looking at the temperature data. The gradients of the thermal
profiles also provide a unique insight into a tumor heat diffusion. The segmentation algorithm
can also assist other research on the same database if an ROI is needed.
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Chapter 3.

Methodology

The work presented here is based on a joint effort between Rochester Institute of Technology and Rochester General Hospital. Thermal images of patients were captured in an
another ongoing study, and will be briefly discussed here. As an addition to that work,
the images were processed to achieve the objectives mentioned in Section 2.4. The image
processing methods to segment the images, find thermal profiles and gradients, and locate
hot spots will be discussed in this chapter.

3.1

Image Acquisition

The thermal images were acquired through a joint effort between Rochester Institute of
Technology and Rochester General Hospital as described in Recinella et al. [13]. However,
it is important to understand how the images were captured to be able to analyze them.
The images were captured on patients that had a biopsy-confirmed breast cancer. The
Institutional Review Board (IRB) has approved this work, and all personnel working on
the project underwent human subjects training and complete the Collaborative Institutional
Training Initiative certification. All personal identification of the patient was removed when
capturing images. The images were classified by a unique patient number, right or left breast,
and image position number.
The thermal image of the breast was captured while the patient was in a prone position.
This reduced the influence of the temperature from the chest wall and inframammary fold.
The table was raised so that a rig with a camera made by FLIR could be placed below it.
Figure 3.1 shows a sketch of woman lying in the prone position with a camera placed beneath
her. A black curtain surrounded the table to ensure no reflections or stray thermal artifacts
affected the images. The table the patient was lying on had a 9” hole for the breast to be
freely imaged. The set-up of the image capturing room can be seen in Figure 3.2.
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Figure 3.1: Sketch of a woman in the prone position.

Figure 3.2: Image capturing table.

FLIR provides well-accpeted infrared cameras in the scientific and commercial communities. The thermal sensitivity is 0.02◦ C for the SC6700 model that was used. The size of
the image is 640x512 pixels. A FLIR camera was mounted on a rotating rig several feet
below the table. The rotating rig allowed for eight images to be taken, each separated by
45◦ . The angle to the vertical was set to 25◦ . The focus of the FLIR camera was adjusted
for each patient according to the size of the breast. Figure 3.3 shows the camera rig. Figure
3.4 shows how the different positions are labeled. The first position is defined as the camera
being closest to the head.
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Figure 3.3: Camera rig for the FLIR camera to allow image capture from eight different
views.

Figure 3.4: (a) Labeled camera positions, (b) an example of resulting views of a breast
without a tumor, and (c) an example of resulting views of a breast with a tumor.

Before capturing an image, the patient was acclimated. The patient put on a loose fitting
hospital gown and lay on the table with one breast hanging freely in the hole for 10 minutes.
This allowed the temperature in the breast to stabilize. Then the eight different images were
captured. After this, the patient adjusted themselves so that the contralateral breast was
hanging freely. That breast was pressed into the table while the first breast was imaged, so
the patient waited another 10 minutes for the temperature to stabilize in the breast.
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3.2

Image Processing

The images captured by the FLIR camera were stored as .img files and could only be opened
in FLIR software. The software used is ThermoVision ExaminIR. The thermal data was
exported from FLIR as a Comma Separated Value file and imported into MATLAB for
further image processing. The processing steps includs segmentation to isolate the region
of interest (ROI), studying temperature and gradient profiles, and finding a hot area in the
ROI. Figure 3.5 shows a gray-scale image of a patient with a malignant tumor in her right
breast. Darker shades represent cooler temperatures, and whiter shades represent hotter
temperatures. This image will be used in the rest of this section. For clarity of discussion,
the images are labeled by patient classification code, right or left breast, and lastly by position
number. For example, P6-R-8 is patient 6, right breast, and camera position 8.

Figure 3.5: Gray-scale image of thermal data of a patient with a malignant tumor (P6-R-8).

3.2.1

Segmentation

The captured image included regions such as the table and the chest wall. While the table
was significantly cooler, the chest wall was warmer than the breast. To effectively study
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the gradient profiles of the breast, the region of interest was defined. The method used was
semi-automated. Figure 3.6 shows a general flow chart of the segmentation process. In this
process, edges were found using an edge detector, the desired edges were chosen, and the
chosen edges were connected using line segments to create a ROI.

Figure 3.6: Segmentation for ROI selection flow chart(P6-R-8).

The process started with image pre-processing, where the temperature image was smoothed.
Smoothing the image improved the quality of edges found by the Canny edge detector, which
was used due to it’s robustness. The smoothing function used a 2D Gaussian filter with a
standard deviation of 1. The standard deviation size was chosen based on the visual output
of the edge detector, where more connected edges that outlined the breast were desired. The
Canny edge detector parameters, where the threshold was 0.08 and standard deviation was
1.5, where also chosen with the same criteria. Figure 3.7 shows the edges found in a nonsmoothed image on the left, and a smoothed image on the right. The edges are overlaid in
white on a pseudo-color image of the breast, with the corresponding temperature color bars.
To simplify the image, an Otsu’s method thresholding function was applied to the original
temperature image. Otsu’s threshold is a robust method based on minimizing the variance
between two different classes. This allowed the non-essential and significantly cooler regions
of the image to be removed from the edge image.
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Figure 3.7: Edges (shown in white) of the original image on the left, and the edges found in
a smoothed image(P6-R-8).

The image with edges was used in a MATLAB function bwconncomp to identify each
individual edge by finding connected components. The connecting components of a desired
pixel were found by checking the eight adjacent pixels. Then an image with the edges overlaid
on the color image was displayed and the user was asked to click on the edges surrounding
the breast. The points were then compared to the edges, and the edges with the nearest
Euclidean distance to the point are selected. Figure 3.8 shows the user input on the left and
the selected edges on the right.

Figure 3.8: Image on the left shows the user input as asterisk, and the image on the right
shows the selected edges (P6-R-8).

To complete the ROI, line segments were created between individual edges. To achieve
this, the first and last point of each edge was found. This was done by converting the x and
y indices of each point on the edges to polar coordinates, where the center of the system was
the centroid of the edge points. The first and last points of the edges were determined based
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on the theta of the points in a counter-clockwise direction. Then the last point on an edge
was connected to the first point of the next edge. Figure 3.9 shows the connecting lines in
blue, where one long segment connects the the two edges that reach the end of the image.

Figure 3.9: Connected edges, where the selected edges are in white and the created line
segments are in blue (P6-R-8).

The ROI was created from the connected edges. A morphological operator close was
applied to this image to ensure that all gaps were closed. Lastly, the image was flood
filled using the imfill function in MATLAB by filling holes in the binary image of the ROI
outline. This created a mask that was applied to the original temperature image for further
processing. Figure 3.10 shows the resulting region of interest.

Figure 3.10: Segmented temperature image shown in pseudo-color (P6-R-8).
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3.2.2

Thermal Profiles and Gradients

To get profiles, lines labelled as either latitudes or longitudes were mapped to the ROI. The
latitude lines were simple horizontal lines. The longitude lines were based on an ellipse. To
study the entire ROI, several longitude and latitude lines were created uniformly across the
region. Otherwise, a single point was chosen on the image and a latitude or a longitude line
was drawn through it.
Latitude lines were defined as horizontal lines across the image. The default was 10
uniformly spaced lines over the entire ROI. If a smaller region was desired, the user was asked
to input the maximum and minimum index values based on the image. The gradients and
intensities of these lines were then plotted. The intensity along the line was the temperature
from the original image. To lower the noise from pixel to pixel, a smoothing function using
a moving average filter over 10 pixels was used on the temperature data. The gradient was
calculated as a derivative of the smoothed intensity values. While smoothing over a larger
area lowered the height of a peak (usually less than 0.1◦ C), it allowed noise in the temperature
data to be limited, which also translated into smoother gradient profiles. Lowering the height
of a peak by such a small amount did not affect the determination if a peak was a significant
abnormality.
Longitude lines were chosen based on the ellipse shape. A function called fit ellipse by
Ohad Gal determined the parameters of an ellipse using a least-squares method. Edge points
of the ROI were fed into the function to find a best fit ellipse given the outline of the breast.
The simple equation of an ellipse is shown in Equation 3.1. The ellipse is assumed to be
vertical, where a is the width of the ellipse, and b is the height of the ellipse. The center of
the ellipse is defined as x0 and y0 To get different longitudes, the width of the ellipse was
modified.


x − x0
a

2


+

y − y0
b

2
=1

(3.1)

However, the ellipse was often slanted due to the orientation of the breast. As a result
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t, Equation 3.2 was used to find the width, a of each longitudinal line. The rotation of the
ellipse is defined by θ.


(x − x0 ) cos θ + (y − y0 ) sin θ
a

2


+

(x − x0 ) sin θ + (y − y0 ) cos θ
b

2
=1

(3.2)

After each width factor was calculated, the equations were used to determine the indices
of each longitude line. To ensure that each longitude line was distinct and did not exceed
the boundaries of the ellipse, the image was rotated to eliminate the angle of rotation in
the ellipse. The longitude coordinates were determined from the rotated image. After the
coordinates, or indices, were found in the rotated image, the coordinates were rotated back
to the original image to get the final result. A sample longitude and latitude lines grid can
be seen in Figure 4.3. The grid lines are labeled for easy referencing. The image shown
here is pseudo-colored for visualization purposes, however the algorithm used the original
temperature data for image processing. During analysis, latitude and longitudes bordering
the chest wall were also ignored because of the influence of the significantly warmer chest
wall. Since the breast was imaged from eight different viewpoints, a region that may have
been ignored due to its proximity to the edge of the ROI was likely to be visible in a different
image.
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Figure 3.11: Segmented pseudo-color thermal profile of a patient with tumor (P6-R-8).

To get the thermal profiles, intensity values, that is temperature readings, at the indices
of latitudinal and longitudinal lines were found. Due to inherent noise between pixels, the
intensity values were smoothed using a moving average filter over a span of 10 pixels. The
gradient of the smoothed intensity values was determined using a gradient function. The
gradient function was based on a partial derivative, where the spacing between each pixel
was assumed to be one. Since the 3 dimensional information was lost in the 2 dimensional
image, the physical distance between each pixel was not known.

3.2.3

Hot Spots

To study the temperature regions, the latitude and longitude lines were used as a grid. The
average temperature in each grid was determined and compared to the average temperature
of the breast. The hottest spots and surrounding areas could then be further studied to
locate the size, shape, and location of a possible tumor.
To achieve this, indices of each grid border were determined. This was done by first
finding the four corners of the grid spot. The polygon created by the indices of the border
was then used to determine the individual pixel temperatures in the grid spot. The average
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temperature of these pixels was then calculated.
Figure 3.12 shows the pseudo-colored image with the grid from the latitude and longitude
lines overlaid on it. The region with the highest temperature is outlined in a bold red color.
In the top right corner of the segmentation, there is some chest wall included. The chest wall
is significantly hotter than the rest of the breast, and therefore the mean grid temperature
may be higher there. Inclusion of the chest wall also affects the mean temperature calculated
in the breast. To avoid false hot spots due to the influence of the chest wall, the grid spots
immediately next the border of the segmentation are ignored. Any possible hot spots in the
ignored regions are seen in images in other viewpoints of the same breast.

Figure 3.12: Pseudo-color thermal profile of a patient with tumor (P6-R-8), where the red
outline signifies the region with the highest temperature.

To further study this region, more thermal profiles can be created. A user can input
the region they want to study further. For example, profiles in the hottest grid are created
as shown in Figure 3.13. The default number of additional lines is five when looking at a
specific region of interest. The thermal profiles in this image will be discussed in the next
chapter.
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Figure 3.13: Additional thermal profiles created through a hot spot identified earlier (P6-R8).
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Chapter 4.

Results

The method described in Chapter 3 was used to segment an image, apply an ellipse
function to the region of interest to get longitude and latitude profiles, and extract thermal
profiles along said profiles. A tumorous region is significantly hotter than the rest of the
breast tissue, and abnormalities in the otherwise uniform temperature profiles may indicate
a tumor or another object of interest. The grid lines created by the latitude and longitude
lines were also used to study smaller sub-regions of interest. Specifically, a grid spot that
had the highest temperature was further studied using thermal profiles.
The new database had images of about 25 patients, and each patient had a tumor in at
least one of her breasts. While many images were viewed in the development of the algorithm,
only five images were chosen to show here. These five images were a good representation of
different breast shapes and possible features in a thermogram.

4.1

Segmentation

Segmentation results were based on manual input. A user chose the edges that outline the
breast. Consequently, the results vary based on user input and the available edge segments.
Figure 4.1 shows the possible edges and the resulting edge outline, where line segments were
created between the chosen edge segments. In the top right of the segmented region, there
is a bit of chest wall that is included in the ROI. There is an edge segment that could have
excluded the chest wall, but connected edge segment did not allow this to happen.
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(a)

(b)

Figure 4.1: (a) Edges found using an edge detector and (b) resulting segmentation outline
(P6-R-8).

Other images turned out differently due to the breast shape. Figure 4.2 shows a breast
with connecting tissue that extends into the chest wall. The connecting tissue has a smooth
thermal gradient, and therefore the edge detection algorithm wasn’t able to pick up the edges
where the breast region ended. As a result, the segmentation included the connective tissue.

(a)

(b)

Figure 4.2: (a) Edges found using an edge detector and (b) resulting segmentation outline
(P17-R-1).
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4.2

Thermal Profiles

Temperature profiles can give valuable information about the breast and a possible tumor.
The following image, 4.3 shows the segmented breast and the grid lines representing the
location of thermal profiles used to analyze the image. Grid lines are labeled in order from
left to right and from top to bottom. The patient has a known tumor between longitude
profiles 3 and 4 and latitude profiles 5 and 6. As a result, it is expected that the thermal
profiles in these regions will be significantly different from profiles in other regions of the
breast. The standard deviation in these profiles are also statistically higher than profiles
not passing through the tumorous region. Using very rough calculations, each pixel for this
image can be estimated to be about 0.015 inches wide. The calculations were based on the
known width of the hole in the table, which was 9 inches. The width of the hole in image
was calculated in pixels. The physical diameter of the hole, 9 inches, was divided by the
number of pixels across the hole to determine the estimate. Approximately, the height of the
ROI was 319 pixels, or 4.7 inches, and the width of the ROI was 461 pixels, or 6.9 inches.
The height and width of the ROI was calculated from largest horizontal widths and vertical
heights.

Figure 4.3: Segmented pseudo-color thermal profile of a patient with tumor (P6-R-8).
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Standard deviation can quantify the disparity in the data relative to the mean of the
data, where a larger number indicates a highly disperse set of data. A thermal profile with
a high standard deviation indicates that it is abnormal and may pass through a tumor or
vein. Standard deviation was calculated from the intensity values, that is temperature, of the
profile lines. Table 4.1 shows the standard deviation and mean temperatures of longitudinal
profiles from the image P6-R-8 in Figure 4.3. The 3rd longitude line has a standard deviation
of 0.99 while the 9th longitude line has a value of 0.25. These numbers are expected, as the
3rd longitude passes through a known tumor, and the 9th passes through a region far away
from the influence of the heat from the tumor. The purpose of looking at standard deviation
for the longitude and latitude profiles is to quickly identify profiles that may be abnormal
for further analysis.
Table 4.1: Standard Deviation and Mean Temperature of Longitude Lines for Image P6-R-8.
Line Number

STD

Mean (C)

2

0.62

29.9

3

0.99

30.6

4

0.94

30.8

5

0.65

30.9

6

0.56

31.1

7

0.47

30.9

8

0.28

30.4

9

0.25

30.3

10

0.42

30.2

Figure 4.4 below show the plots of the 3rd and 9th longitude profiles. The blue plots and
the corresponding left axis represent temperature. The orange plot and the corresponding
right axis represents the gradient of the temperature data. The 3rd longitude line has a
distinctive peak region, while the 9th line is more stable, though is does have some small
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variation in it. The region between the 125th and 190th pixels of the 3rd thermal profile has a
gradient change from 0.05◦ C/pixel to −0.06◦ C/pixel. A difference of ∆0.11◦ C/pixel over 65
pixels is considered to be significant. Based on the few profiles analyzed in this work, each
of which pass through a known tumorous region, a difference greater than ∆0.05◦ C/pixel
per 70 pixels is considered significant. However, a much larger dataset of thermal profiles
needs to be analyzed to statistically determine what is a significant temperature difference.
The 9th longitude starts at a slightly warmer temperature of 31◦ C because it is close to the
chest wall that is significantly warmer. It is important to note that regions immediately next
to the chest wall should not be used for analysis due to the impact of the proximity to the
hotter chest wall.

(a)

(b)

Figure 4.4: Thermal profiles of (a) 3rd longitude passing through a tumor and (b) 9th longitude line not passing through a tumorous region.

The 3rd and 4th longitude lines can also be compared. For further analysis, longitude
lines were created in between the 3rd and 4th longitudes, as shown in Figure 3.13. The three
temperature profiles were compared in Figure 4.5. The shape of the peaks varied, indicating
the heat the tumor was emitting, at different locations across the tumor. However, all profiles
have a distinct peak when compared to profiles not passing through a tumorous region. The
peak temperature varied from about 32◦ C to 32.7◦ C where the highest peaks may indicated
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the closeness of the profile line to the heat source, a malignant tumor. The gradient change in
the three profiles were 0.11◦ C/pixel, 0.16◦ C/pixel, and 0.13◦ C/pixel spanning approximately
65, 35, and 50 pixels respectively. These numbers indicate a significant peak and therefore
an abnormal feature in the profiles.

(a)

(b)

(c)

Figure 4.5: Thermal profiles of (a) the 3rd longitude, (b) a longitude in the middle of the
hot spot, and the (c) 4th longitude line, all passing through a tumorous region of the breast
(P6-R-8).

There are other interesting features that can be noticed in thermal profile analysis. For
example, in the right breast of Patient 19, a vein is clearly seen in Figure 4.7. The segmen-
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tation result included a bit of the chest wall near the 1st latitude, so it can be expected that
latitudes and longitudes passing through that region will have significantly higher temperatures and gradients. While low level statistics such as standard deviation may be used as
an indicator for an abnormal profile, human expertise is needed to determine if the profile
indeed abnormal. For Figure 4.7, the standard deviation of the latitude lines varied between
.5 and .6 (excluding outliers such as the second latitude line due to proximity of the chest
wall). The small variation in standard deviation did not indicate that any profiles were
abnormal. However, a hot spot can be seen in the pseudo-color image near the intersection
of the 3rd latitude and 3rd longitude lines. Using very rough calculations, the pixels in this
image are estimated to be about 0.025 inches wide. The height of the ROI was 259 pixels,
or 6.4inches, and the width of the ROI was 341 pixels, or 8.5 inches.

Figure 4.6: Pseudo-color thermal image of a patient with a tumor and visible vasculature
(P19-R-5).

Looking at the thermal profile of the 3rd latitude in Figure 4.7, there is a sharp peak that
occurs due to the vein. The peak occurs near the 525th pixel. In the gradient profile, there
are sharp jumps of about 0.27◦ C/pixel spanning about 25 pixels because of the peak seen
the thermal profile. It is important to note that the sharp jumps seen in the beginning of
the profile can be ignored due to the proximity to the chest wall that is significantly warmer.
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There is also a slight rise in the temperature profile before the 400th pixel from a biopsy
proven tumor that is located just below the profile. The gradient change in this peak is
∆0.07◦ C/pixel per 35 pixels. Even though the temperature profile may not visually indicate
a abnormal region in this spot, the gradient change indicates a significant peak.

Figure 4.7: Thermal profile and gradient of the 3rd latitude line in Patient 19 showing a
slight rise for a tumor and a sharp peak for a vein in the temperature profile (P19-R-5).

In that same breast image, the 3rd longitude line also passes through the biopsy proven
tumor. When looking at the temperature profile in Figure 4.8 however, it is much harder to
visually identify the sharp peak from the tumor temperature. However, a gradient change
of ∆0.12◦ C/pixel per 50 pixels indicates a significant peak. The temperature profile starts
at the significantly warmer chest wall, decreases in temperature slightly as it moves into
the breast, has a slight peak due to the tumor, and continues decreasing in temperature
till it reaches the nipple region where it has another significant peak. It is clear that from
the longitude line, it may be hard to identify the tumor region from that profile alone. A
latitude line directly below the 3rd latitude shows the tumor more distinctly, as show in
Figure 4.9. The temperature profile has a peak in the temperature profile after the 350th
pixel that indicates the tumor location. The gradient jumps from about 0.05◦ C/pixel to
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−0.025◦ C/pixel in the same region. In the same profile, the vein is clearly visible on the
right, where the gradient jumps from 0.15◦ C/pixel to −0.17◦ C/pixel over approximately 25
pixels.

Figure 4.8: Thermal profile and gradient of the 3rd longitude line, where the second peak in
the temperature profile from the left indicates a tumor (P19-R-5).

Figure 4.9: Thermal profile and gradient of a latitude line passing through a tumor (first
peak in temperature profile from the left) and a vein (sharp peak in the temperature profile
on the right) (P19-R-5).
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Another interesting image to study is shown in Figure 4.10. For this image, the 7th and
the 8th latitude lines has the highest standard deviations with values of about 0.9 and mean
temperature values of 29.8◦ C and 30.1◦ C respectively. The other standard deviations varied
from 0.4 to 0.7. The standard deviations of the longitude lines indicated that the 5th and 9th
longitude lines may be abnormal. When inspecting the pseudo-color image, it is clear that
a tumor is located near the 7th and 8th latitude lines and near the 5th longitude line. Rough
calculations estimate that each pixel is 0.021 inches wide. The height of the ROI was 293
pixels, or 6.1 inches, and the width of the ROI was 333 pixels, or 6.9 inches

Figure 4.10: Pseudo-color thermal image of a patient with breast cancer and visible vasculature (P13-R-1).

The 5th longitude also passed through a vein before it passed through the tumor. Therefore the thermal profile has two peaks, where the narrow peak shows the vein and the wider
peak shows the tumor, as shown in Figure 4.11. The gradient change for the vein located
near the 50th pixel was 0.14◦ C/pixel spanning about 25 pixels. The tumorous region had a
gradient change of ∆0.07◦ C/pixel per approximately 25 pixels. Both peaks were deemed to
be significant.
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Figure 4.11: Thermal profile and gradient of a longitude line first passing through a vein
and then through a tumor (P13-R-1).

4.3

Hot Spots

Finding a hot spot gave the researcher a region of interest for further analysis. The grid spot
with the highest average temperature, or abnormal region, was flagged. While this step was
a pre-cursor to identifying a tumor, it did not attempt to classify if the image did have a
tumor. Further analysis included studying the thermal profiles inside and near the region to
get a more in depth look at the shape and size of the tumor.
In the right breast of Patient 6, the average temperature in the breast is 30.6◦ C. The
maximum grid region temperature is 32.5◦ C. Figure 4.12 shows the hot spot in a red outline.
From the image, it is clear that the tumor exceeded the grid spot and extended into the
surrounding regions. The small amount of the chest wall in the upper right side of the ROI
had a mean temperature in the grid spot of 32.1◦ C. Since the chest wall was 2◦ C warmer
than the average breast temperature, it was important to eliminate the chest wall during
segmentation and also not study grid spots bordering the ROI. Using very rough calculations,
each pixel for this image can be estimated to be about 0.015 inches wide. The height of the
ROI was 319 pixels, or 4.7 inches, and the width of the ROI was 461 pixels, or 6.9 inches.
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Figure 4.12: Detected hot spot in Patient 6 (P6-R-8).

In the image introduced earlier of Patient 19 in Figure 4.7, the algorithm located a hot
spot, shown in 4.13 that bordered the longitude and latitude lines previously determined to
have significant peaks. Analysis in this region would indicate significant peaks corresponding
to the malignant tumor located in that region. The mean temperature in the breast was
29.2◦ C and maximum grid spot temperature was 31.8◦ C. The temperature of the tumor
located at the intersection of the 3rd longitude and 3rd latitude lines was about 31.5◦ C as
seen in Figures 4.8 and 4.9. Using very rough calculations, the pixels in this image are
estimated to be about 0.025 inches wide. The height of the ROI was 259 pixels, or 6.4
inches, and the width of the ROI was 341 pixels, or 8.5 inches.
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Figure 4.13: Detected hot spot in Patient 19 (P19-R-5).

Another image discussed earlier was the right breast of Patient 13. Figure 4.14 shows the
located hot spot outlined in red. The mean temperature of the hot spot was 31.8◦ C. The
average temperature in the breast was 30.0◦ C. Rough calculations estimate that each pixel is
0.021 inches wide. The height of the ROI was 293 pixels, or 6.1 inches, and the width of the
ROI was 333 pixels, or 6.9 inches. In this view of the patient’s breast, the tumorous region
visible was relatively large when compared to images such as 4.13. The increased number of
pixels covering a tumorous region made it easier for the algorithm to locate it as a hot spot.

Figure 4.14: Detected hot spot in Patient 13 (P13-R-1).
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Not all images were able to locate the hot spot accurately. Figure 4.15 shows that the
segmentation included some of the connecting tissue of the chest wall. As a result, the hot
spot was skewed towards regions influenced by the warmer chest wall. The actual tumor was
located on the intersection of the 3rd longitude and 4th latitude. The mean temperature of
the breast was 29.2◦ C. The hot spot temperature was 30.3◦ C. The tumor temperature was
30.4◦ C as shown in Figure 4.16, where the a significant peak with a ∆0.18◦ C/pixel gradient
change per 40 pixels indicates the tumor location. Each pixel was estimated to be 0.026
inches wide. The ROI is approximately 263 by 148 pixels wide, which corresponds to 6.8 by
3.8 inches. As mentioned earlier, the initial and final changes in the gradient are the effects
of the warmer chest wall.

Figure 4.15: Grid lines and highlighted hot spot in red (P21-L-8).
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Figure 4.16: Thermal profile of a line passing through a tumor (P21-L-8).
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Chapter 5.

Conclusions

Breast cancer is one of the most common diseases affecting women. As a result, it is
important to further research in the diagnosis and monitoring of a malignant tumor. The
current accepted method for diagnosis, mammography, is expensive, may provide risks from
X-ray exposure, and is unreliable for dense breasts. Thermography on the other hand is
cheap, harmless, and is not dependent on breast density. In this work, breast thermal
images were analyzed to find more information about tumors.

5.1

Discussion

First, the breast thermal images of a patient lying in the prone position were segmented
to isolate the breast. Semi-manual segmentation was used, where a user chose the edges
surrounding the breast. Since the algorithm was edge based, it was limited to the edges
found using an edge detector. That proved to be a limitation as smooth transitions from
the hotter chest wall to the cooler breast were not detected using the Canny edge detector.
One of the goals of the segmentation was to exclude the chest wall and table from the
breast region. The table was easily removed, and most of the chest wall was excluded. Even
though the segmentation was successful in obtaining a region that included all of the breast,
it included a small portion of the chest wall. The chest wall typically did not exceed 2 grid
spots. If the tumorous region was larger (in terms of pixels) than the chest wall in the ROI,
then the effect of the hot spot on hot spot analysis was mitigated.
The amount of connective tissue seen in the segmentation result depended heavily on the
size of the breast and the image acquisition. Since the camera was placed several feet below
the breast, more connective tissue between the chest wall and breast was seen. For smaller
breasts such as the one seen in 4.2, there was less of a clear distinction in the temperature
between the breast and the connective tissue. Moving the camera closer to the breast would
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allow a better side profile to be seen, similar to the results seen in Francis et. al [21]. A side
profile would eliminate some of the connective tissue seen in the current database.
Second, several temperature profiles were created that spanned the entire breast region.
These profiles were analyzed to find peaks that indicated features such as a tumor, or a vein.
Sharp peaks in the temperature profile were seen for in tumorous locations. Other features
such as vasculature were also clearly seen. Peaks were determined to be significant if the
gradient change exceeded .05◦ C/pixel over a span of less than about 70 pixels. This value was
chosen based on a small dataset of thermal profiles that passed through a known malignant
tumor. Most peaks that represented a tumor had gradient jumps of about 0.1◦ C/pixel over
a range of pixels from 30 to 50 pixels. With more images and further analysis on thermal
profiles through a tumorous region, the significance of a peak can be determined statistically.
For example, the full width at half maximum could be measured in a larger dataset of peaks
representing malignant tumors. It is important to note that the sensitivity of the FLIR
camera used was 0.02◦ C, which is smaller than the gradient change deemed to be significant
in this work. One limitation of the method was that sharp decreases in the beginning of a
profile or increases at the end of a profile were seen due to the influence of the chest wall.
These sharp changes in temperature ranged from 1 to 2◦ C. As a result, rudimentary statistics
such as standard deviation and mean did not always indicate an abnormal profile. Even so,
the profile analysis method was successful for analysis of a thermogram because features
such as tumors and veins were clearly seen in the profiles.
The depth information of the thermal breast image must be captured to be able to
compare the peak widths and differentiate between a tumor or a vein. This would also allow
analysis on the thermal diffusion of the tumor. For this work, the pixels were assumed to be
uniform in size, though pixels further away from the center of the ROI represented a larger
physical size compared to pixels that represented a region on the breast closer to the camera.
Compared to other methods, this was unique in that it looked at the temperature profiles
to analyze the peak width and therefore thermal diffusion of the tumor temperature.

54

Lastly, a grid was overlaid on the ROI, and a hot spot was located in that grid. The
hot spot indicated a possible location of a tumor. The goal of the algorithm was to locate
an abnormal region, that could be either a tumorous region or a region with other features
such as vasculature. As expressed earlier, the hot spot detection algorithm depended on the
segmentation result. It also depended on the longitudinal lines created in the profile analysis.
If a region was located near the chest wall and had only a few pixels, it would skew the results
towards the hotter chest wall. Therefore, the method was only partially successful. If the
tumorous region was larger than the chest wall included in the ROI, the algorithm located
an abnormal region more successfully. Part of this can be alleviated through normalization
by determining the number of pixels in the region and having the 3D depth information of
the breast region.

5.2

Conclusions

For the purpose of creating a segmentation algorithm and an analysis method for a new
database of images of patients in the prone position, the method proposed was successful.
The algorithm found a ROI that included the breast and excluded most of the chest wall.
Compared to other segmentation methods that often included larger portions of the chest wall
either below or above the breast, this method was more accurate. This method also allowed
for breasts of different shapes to be segmented without excluding any regions of the breast.
Compared to automatic methods however, the segmentation algorithm developed here is
more tedious and is prone to human error. The analysis method of studying thermal profiles
and the corresponding gradients was a unique method that was successful in identifying peaks
in the profiles that indicated important features such as tumors or veins. This method allows
for studies to be completed on the thermal diffusion of the tumor, given that the physical
information about the size of the breast is known. The hot spot detection algorithm was
able to locate abnormal regions, or hot spots. The method was less successful because
it depended on the amount of pixels the tumor covered and was skewed by the warmer
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chest wall. Overall, the algorithm is good foundational work for further improvement in
segmentation and studies in thermal heat diffusion of the tumor.

5.3

Future Work

As indicated earlier, the work presented here is only a beginning of much longer and deeper
study of thermography for breast cancer diagnosis. More progress in image processing and
automatic detection needs to be completed. Then this work can used on clinical trials to
prove the efficiency and benefits of using thermography for breast cancer diagnosis.
The algorithm presented here has areas of segmentation failures, such as including parts
of the chest wall. It was also challenging to determine exactly where the breast ended and
a chest wall started when there were significant connective tissue visible in the image. The
segmentation was based on edge detection. The edge detection method provides challenges
when there are large discontinuities between edge segments. Other methods for segmentation include classifiers such as Support Vector Machines, K-means clustering, or mean shift
clustering. Also, supervised learning could be applied where images are manually segmented
and used to train a classifier.
It is recommended to modify the image acquisition method as mentioned earlier. The
camera can be moved closer to the breast so that more of the breast fills the image. Also,
moving the camera closer to the breast would allow more of a side profile of the breast to
be seen which would eliminated some of the connective tissue seen in the images. Also, it
would be very beneficial to also capture a 3D image of the breast and register the depth
information with the thermal map to allow studies in the thermal diffusion of the tumor to
be completed.
The images taken from multiple angles around the breast could be analyzed to determine
which one of them provides more information about the breast and tumor. Other future
work includes studies in vasculature using thermal profiles. A tumor detection system could
be developed that may be able to distinguish between the peaks of vasculature and tumors.
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This would allow for a better region of interest detection system than the current grid based
system. Lastly, more information on the tumor width and location can be derived from the
methodology presented here. The tumor width could be determined using statistical analysis
from the thermal profile.
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